Background: DNA methylation is an epigenetic event that may regulate gene expression. Because of this regulation role, aberrant DNA methylation is often associated with many diseases. Within-sample DNA co-methylation is the similarity of methylation in nearby cytosine sites of a chromosome. It is important to study comethylation patterns. However, it is not well studied yet, and it is unclear to us what co-methylation patterns normal DNA samples have. Are the co-methylation patterns of the same tissue across several samples different? Are the co-methylation patterns of various tissues of the same sample different? To answer these questions, we conduct analyses using two sets of data: 3-sample-1-tissue (3S1T) and 1-sample-8-tissue (1S8T).
Introduction
Epigenetics is generally understood as the study of heritable changes that are related to gene functions and cannot be explained by changes in DNA sequences. These changes are frequently termed epigenetic events or marks. One main type of epigenetic event is DNA methylation, which is the addition of a methyl group to a 5′ cytosine base [1] . DNA methylation plays an important role in transcription and thus affects gene expression [1, 2] . It also plays a significant role in genomic imprinting, X-chromosome inactivation, and suppression of repetitive element transcription and transposition [3] [4] [5] [6] [7] . Therefore, it is important to study different methylation patterns in both normal samples and the samples of complex diseases such as cancers.
In a human genome, DNA methylation often occurs at CpG or CG sites. A CG site is a cytosine base followed by a guanine base in DNA sequences. Because DNA methylation predominantly occurs at CG sites, it is important to study DNA methylation at or near CpG islands, which are regions with more cytosine or CG sites. CpG islands are defined as regions of the DNA sequence > 200 bp long with an average CG content > 50% and an observed-to-expected ratio of CG sites > 0.6 [8] . These islands are important regulatory elements in the genome, and contain the most variation in DNA methylation across different tissues. Additionally, methylation of CpG islands in promoter regions can be associated with long-term silencing of gene expression [2, 9] .
Researchers can study segments of methylation over a stretch of neighboring CG sites in the same chromosome region. This specific DNA methylation pattern is called co-methylation [10] . It is also called within-sample (WS) co-methylation. The prefix "co-" in the "WS co-methylation" means local CG sites of one short chromosome region methylate or not methylate together in a single sample. That is, we study how neighboring CG sites are similarly methylated or unmethylated within a short chromosome region of one sample. It has also been observed that the "correlation between methylated cytosines decays as a function of genomic distance between methylated loci". In fact, in Arabidopsis this correlation is observed for distances up to 5000 nucleotides [11] . For human samples, Eckhardt et al. first report that this correlation or co-methylation is over short distances (≤ 1000 base pairs) and it deteriorates rapidly for distances > 2000 base pairs [12] . However, this study is not conducted for the whole genome. In this paper, we will investigate in detail how long this co-methylation pattern can be in the human genome of normal samples using whole genome bisulfite sequencing data.
Before we introduce our study further, we emphasize that, in other research papers [13] [14] [15] [16] [17] [18] [19] [20] , co-methylation may mean "between-sample (BS) co-methylation". The prefix "co-" in the "BS co-methylation" means that genes at different regions, especially different chromosomes, methylate together across multiple samples. For example, "BS co-methylation" may mean that two or more genes (e.g., genes 1 and 2) on different chromosomes are hypermethylated together and their functions are somehow related through a co-methylation (or co-expression) network/module [15, 19] . This co-methylation (or "BS co-methylation") is similar to the concept of "co-expression" of genes. The above explanations and definitions of WS co-methylation and BS co-methylation is consistent with the ones defined in Peter Francis Hickey's thesis [21] , which has a thorough review of different co-methylation definitions. It is worth noting that although "WS co-methylation" is about the methylation pattern within a single sample, it is important to study "WS co-methylation" across multiple samples and this is the research focus of this paper. To simplify our writing, in this paper we often use "co-methylation" for "WS co-methylation".
It is important to study within-sample co-methylation as it explains how DNA methylation is instituted in each genomic region in a chromosome. Deep understanding of within-sample co-methylation patterns can help researchers improve DNA methylation assays and statistical analyses of DNA methylation. Thus, we can better understand other genetic and epigenetic events or patterns. Although it is important to study DNA co-methylation, this specific methylation pattern has not been well studied yet. For example, it is unclear to us what co-methylation patterns normal DNA samples have. In this paper, we will conduct analyses to answer the following two questions regarding co-methylation patterns in normal DNA. First, are the co-methylation patterns of the same tissue across several samples different? Second, are the co-methylation patterns of various tissues of the same sample different? In order to answer these questions, we conduct analyses using two sets of data: one is 3-sample-1-tissue (3S1T), another one is 1-sample-8-tissue (1S8T). To study the co-methylation patterns of these two datasets, we specifically investigate how often one methylation state change to other methylation states and how is this change associated with chromosome distance. In the following sections, we first introduce the data we use. We then explain the two analysis methods we will use to answer the above questions. Finally, we will show our comprehensive analysis results.
Methods

Data
To compare co-methylation patterns among different samples, we use a dataset of three distinct samples. The samples are referred to as STL001, STL002, and STL003 and each sample has whole genome bisulfite sequencing (WGBS) data from the spleen tissue. These datasets are obtained from the Roadmap Epigenomics Project [22] . We refer to this dataset as 3-sample-1-tissue, or 3S1T. To compare co-methylation patterns among different tissues of the same sample, we use a dataset of eight distinct tissues of the sample STL001. The eight tissues are respectively referred to as bladder, gastric, lung, psoas, sigmoid colon, small bowel, spleen, and thymus. This dataset is obtained from Roadmap Epigenomics Project [22] . We refer to this dataset as 1-sample-8-tissue, or 1S8T. For both 3S1T and 1S8T data, the raw WGBS reads are preprocessed and aligned using BRAT-bw [23] , a publicly available software package, and the human genome hg19 is used as the reference genome. Because our focus is within-sample co-methylation for nearby sites or regions, not between-sample co-methylation in a whole genome, using one chromosome is sufficient to address the questions of interest. Therefore, we only focus on chromosome 1, as it is the longest chromosome. In fact, we use methylation ratios from all CG sites in chromosome 1 of each dataset.
Each methylation sequencing dataset includes four metrics: chromosome, position, sequencing coverage, and MC ratio, see Table 1 . At a specific CG site, the "MC ratio" is defined as the number of reads with methylated cytosines divided by the total number of reads covering that CG site. It is similar to the "beta value" that is commonly used for the methylation signals of Illumina array probes. "MC ratio" ranges from 0 to 1 and is the proportion of sequenced reads of a CG site that are methylated. 0 indicates no methylation and 1 indicates full methylation. We then add a fifth metric-the methylation state of each CG site-to all datasets. "Methylation state" refers to each of our divisions of the MC ratio [0,1] into four intervals of methylation. These methylation states are A, B, C, and D. "A" corresponds to no/low MC ratios of [0, 0.25). "B" corresponds to low/partial MC ratios of [0.25, 0.5). "C" corresponds to partial/high MC ratios of [0.5, 0.75). "D" corresponds to high/full MC ratios of [0.75, 1]. CG sites with a sequencing coverage of less than 3 (i.e., <3X) are labeled "NA". Note, as for the sequencing coverage, for all datasets (samples/tissues), around 95% of CG sites have at least 1X coverage. Only two samples/tissues have 89 and 91% of CG sites with ≥3X coverage. All other samples/tissues have about 95% of CG sites with ≥3X coverage. Lastly, we calculate the distance between consecutive CG sites and add these values in the final column of our data (Table 1) . "Consecutive CG sites" mean two CG sites on the same chromosome and at the same DNA strand, that is, there is no other CG site between them. The first and second CG sites are determined based on the reference genome coordinates on the positive or forward strand. In this paper, we only use the positive or forward strand of the DNA.
Two analyses
We prepare the original data as described above, labeling the methylation state of each CG site and calculating distance between consecutive CG sites, so that we may use them in our two analyses. First, we investigate how frequently methylation states change from one CG site to another along a chromosome. Second, we investigate if this change is related to chromosome distance.
We would like to investigate patterns beyond the scope of single sample or tissue. Do the co-methylation patterns vary across different samples or different tissues? We apply our analyses to the different samples and tissues in two datasets, 3S1T and 1S8T. We compare co-methylation patterns across different samples in 3S1T and compare co-methylation across different tissues in 1S8T to answer these questions. The workflow of our analyses is shown in Fig. 1 . Next, we explain in detail each analysis method.
Analysis 1
In our first analysis, we analyze how methylation patterns change from one CG site to another. Since each CG site has a methylation state assigned to it according to its For each sample, we also calculate the frequency of the distinct state pairs (e.g., AA, AB, AC, AD). This allows us to compare the co-methylation patterns across different samples or tissues (see Chi-squared test below). We learned from our previous research that co-methylation patterns are related to the physical distance between two CG sites in a state pair. Thus, we calculate the frequency of each type of methylation state-pair at increasing intervals of a short distance of 50 bases, i.e., [0, 50), [50, 100), [100, 150), …, [400, 450), [450, 500), to [500, Inf ). We then graph the frequencies of different samples or tissues with the same methylation state pair on the same graph to visually observe differences. We also utilize the chi-squared test to determine whether samples or tissues are significantly different. We first test all samples or tissues at once. If there is a significant difference, we further analyze the data by pairwise comparison to determine which combination of samples may be the cause of the difference. If the p-values are extremely small, we may use or combine approaches below to produce better analysis results. a) We calculate the contribution of each methylation state pair and each sample to a Chi-squared statistic. This allows us to determine which sample and which methylation state pair is the most significantly different from the others. We display this information in bar graphs for visualization. b) We divide our methylation state-pair count data (i.e., Chi-squared input) by factors of n (n = 10, 100, 1000) to account for large-count issues. 
Analysis 2
In our second analysis, we investigate how long methylation levels stay the same in a chromosome by analyzing the length of similarly methylated regions. We begin by grouping together consecutive CG sites that have the same methylation state (e.g., AAAA, BBBB, CCCC, or DDDD). These groups are called similarly methylated regions (SMRs). We then calculate the number of CG sites in each group (count) and the number of base pairs the group stretches across (region-length or length). These two values are used as metrics that we use to compare different samples or tissues.
Once we calculate counts and lengths, we summarize the counts and lengths of the four different SMRs: A, B, C, and D. We summarize SMRs with a count of at least two CG sites. We then determine whether SMRs from different samples or tissues with the same methylation level (i.e., AAAA in Bladder and AAAAA in Thymus) have significantly different distributions of lengths or of counts. We begin to analyze SMR count/ length summaries across different samples or tissues. These summaries provide a preliminary assessment of whether SMR lengths and counts from different tissues or samples may differ. We then use the Kruskal Wallis test to confirm any significant differences, first comparing all samples or tissues and then conducting pairwise comparisons, if necessary.
Results
3S1T data analysis results
First, we show the results of analyzing if different samples of the same tissue have different co-methylation patterns.
Analysis 1 result of 3S1T data
We have labeled and paired consecutive CG sites in the data to form methylation state pairs. Table 2 displays the number of times each methylation state pair occurs and the relative frequency of methylation state pair. With this summary, we can answer the questions about how methylation changes from one methylation state to another.
For the STL001 spleen data in Table 2 , methylation state pair DD occurs the most (89.49%), followed closely by the methylation state pair AA (81.37%). This means that no/low (A) or high/full (D) methylation states in the STL001 spleen sample tends to stay within the same methylation state. For example, when looking at just row A, across columns A, B, C, and D, the no/low methylation state A tends to remain the same methylation state, no/low (A). On the other hand, low/partial methylation state B and partial/high methylation state C tends to change to higher methylation states: C and D. For high/full methylation state D, the methylation tends to remain high/full (D). There is not a large percentage of methylation state change from D to A (only about 1%). The STL002 and STL003 spleen samples follow similar patterns with some variation in the actual values.
Comparing co-methylation patterns among 3 samples of the spleen tissue (i.e., 3S1T data)
Since we have observed some variation in the co-methylation patterns among 3 samples of spleen tissue, we want to determine whether these differences are statistically significant. Firstly, we use a visual depiction to ballpark whether the differences are significant, see Fig. 2 . Plots in Fig. 2 do not display an obvious difference in change patterns among the three spleen datasets. The three lines depicting each sample do not vary from each other greatly, except that there is a bit of variation between samples in the higher methylation states, e.g., AD, BD, CD, and DD state pairs.
Next, we use chi-squared tests to study whether there are statistically significant differences for the co-methylation patterns of three samples. The null (H 0 ) and alternative (H a ) hypotheses of the chi-squared tests are listed below. H 0 : There is no difference for the co-methylation patterns among the spleen tissue of three samples. That is, the methylation state change patterns from each methylation state (e.g., A) to all states (A, B, C, D) are the same among the spleen tissues of three samples. H a : There are differences for the co-methylation patterns among the spleen tissue of three samples. We use our original count data in Table 2 as the input for each sample to conduct the chi-squared test. We first test all three samples for differences. If the results for all three are significant, we will determine which subset of samples are different: we further test pairs of samples.
The chi-squared test results for all three spleen samples of 3S1T dataset are shown in Table 3 . The p-values are very small, almost zero. As indicated above, we then conduct pair-wise comparisons between each two of the three samples and we still obtain extremely small p-values (data not shown), which shows that three spleen samples are statistically different. However, we suspect that there may be some outlying co-methylation patterns that causes our p-value to be extremely small. Therefore, we compare the chi-squared contributions of each of the co-methylation patterns, see Table 4 and Fig. 3 . Table 4 shows that in each of the three samples, some methylation The "A", "B", "C", and "D" rows indicate the first methylation state of the CG pair. The "A", "B", "C", and "D" columns indicate the second methylation state of the pair. The "Count" columns display the number of occurrences of each methylation state pair. The "Percentage" columns display the count of each methylation state pair divided by the row sum of the counts. For example, for sample 1 (STL001), in the "AA" cell, the count is 159,513 (the first number in the Table 4 . In Fig. 3 , the turquoise, dark green, and orange bars on the "by.sample" bar graphs display the primary contributions -how each methylation state pair contributes to the Each column indicates the result of a separate chi-squared test (i.e., p-value, statistics, and degree of freedom). The labels "A", "B", "C", and "D" designate which co-methylation patterns/states are compared in the test. For example, "A" means that the chi-squared test compares the percentage occurrence of all state pairs beginning with state "A" (AA, AB, AC, and AD). The input used for the chi-squared test of methylation state "A" is the counts in the row A of samples 1, 2, 3 in Table 2 (that is, the three rows starting with these numbers 159,513, 170,787, and 209,282)
chi-squared statistic. The "by.sample" graphs can also indicate secondary contributions. That is, how much each individual sample contributes to the primary methylation state pair contributions. The blue, red, green and purple "by.methy.state" bar graphs display the primary contributions (per bar) -how each sample contributes to the entire chi-squared test statistic. The graphs also indicate secondary contributions within each bar. That is, how much each methylation state pair contributes to the primary sample contribution. The length of the bar or bar-segment corresponds to the amount of contribution to the overall chi-squared statistic by a specific sample or methylation state. Our analysis results show that for co-methylation patterns with methylation state pairs Both the 3-sample chi-squared test result (i.e., small p-values in Table 3 ) and the above "contribution" Fig. 3 and Table 4 show that the three spleen samples have significantly different co-methylation patterns. These results seem to be contradictory with our intuitive findings shown in Fig. 2 , that is, these 3 samples are not very different. This discrepancy, especially the very significant p-value may be caused by a large-count or large sample size effect, since chromosome 1 is very long, including 2,284,470 CG sites. Under the assumption that a subset of our chromosome is representative of the entire chromosome, we divide the analysis 1 count data (the left panel of Table 2 ) by 10s (by 1, 10, 100, and 1000). This helps to lessen the potential effect of a large sample size, as this "dividing" method creates a simulated 100, 10, 1%, and .1% of our data. For example, the STL001 AA count in Table 2 is originally 15,913, but after dividing by 10, it becomes 1591; After dividing by 100, it becomes 159.
Once we divide our method 1 data (the methylation state pair counts) by these factors of 10, we run the chi-squared test on the "modified" count data. We determine whether the p-values remain significant as the data pool gets smaller. If we see that the p-value becomes less significant as the sample size becomes smaller, we may conclude that the original p-values are not accurate due to a large sample size. The results will also tell us whether the methylation-change patterns between our three samples are significantly different. Our data for the chi-squared tests on all three spleen samples are shown in Table 5 . We find that the test results become less significant as the sample size decreases. This shows that we do initially get a very small p-value because of the large sample size effect. We can determine that there is not a confirmation of a significant difference in the co-methylation patterns of three spleen samples. The patterns we observed in our Analysis 1 result may be applicable to other spleen samples, if confirmed by future studies with more normal spleen samples.
Analysis 2 results of 3S1T data
To analyze and compare how long SMRs are, we gather 6 summary values: the minimum, 1st Quartile, median, mean, 3rd Quartile, and maximum, for the number of CG sites (count) and distance in base pairs (length) for each SMR in each sample. Note, to avoid the impact of an extreme outlier, we remove the largest count/length and summarize our counts and lengths in Table 6 . This table displays the distribution of count and length so that we can visualize and compare the distribution among our three spleen samples. Table 6 shows that the distributions of SMR length or CG-number count skew to the right. Most SMR are very short. The median SMR length is just about 100 to 120 base pairs for methylation state A and 300 to 450 base pairs for state D. The median count among SMRs is about 2 to 6 CG sites. Only a small proportion (< 25%) of the SMRs are longer than 1000 base pairs.
The summary in Table 6 will help us to determine whether there are any significant differences among the three samples. Table 6 shows that the right-skew patterns of the A, B, and C methylation-state count vary among three spleen samples. We also notice that the SMRs of methylation state D are an exception to Cokus et al's paper [11] , where they observe a correlation between methylated cytosines for distances up to 5000 bases in Arabidopsis. The D regions can reach up to 50,000 bases in a human The rows indicate the factor that the data are divided by. The second column indicates the type of value from the chisquared test. The remaining columns indicate which co-methylation pattern the chi-squared test is used to compare The first column designates the type of SMR. The remaining columns are the summary. For example, for sample STL001, the "A" row is the summary of the "AA … A" type SMRs' count and length, and the "B" row is the summary of the "BB … B" type SMRs' count and length sample. Next, we investigate more on this question: Are these distribution differences significant? We answer this question using Kruskal Wallis tests. 
1S8T data analysis results
After addressing whether different samples of the same tissue have significantly different co-methylation patterns using the 3S1T data, we next show the results of The rows indicate the Kruskal Wallis test results (p-values, chi-squared statistic, and degree of freedom). The columns indicate the co-methylation state (e.g., "A") being compared by the test. The input files or datasets of Kruskal Wallis tests are the count and length data that are used to generate the summary in Table 6 investigating if different tissues of the same sample have significantly different co-methylation patterns using the 1S8T data.
Analysis 1 result of 1S8T data
We can analyze this dataset in two ways. First, we look at the overall theme for all eight tissues; we want to figure out which methylation state pair occurs most frequently. As shown in Table 8 , for the bladder data, the AA methylation state pair has a percentage of 83.26% and the DD methylation state pair has a percentage of 86.54%. We notice that the different tissues display similar patterns; the AA and DD methylation state pairs have the highest percentage. We find that methylation tends to remain within the same methylation level if it is high or low. On the other hand, medium levels of methylation trend towards higher methylation states. This pattern continues throughout all eight tissues. However, there is some variation or difference among these eight tissues.
We will investigate how closely these eight tissues follow the patterns we observed, so we graph percentage data for each tissue at certain distance intervals, see Fig. 4 . This figure shows that there are some differences among those 8 tissues, especially for AD, BD, CD, and DD state pairs. The "A", "B", "C", and "D" rows indicate the first methylation state of the CG pair. The "A", "B", "C", and "D" columns indicate the second methylation state of the pair. The percentage in each cell is the count of each methylation state pair divided by the row sum of the counts. Note, the meaning or interpretation of this table is similar to Table 2 , which is for the 3S1T data Next, we conduct chi-squared tests to compare the 8 tissues, see the top panel of "divide by 1" in Table 9 . When comparing all eight tissues together, we find that there are statistically significant differences in the co-methylation patterns among 8 tissues. To avoid the large-count issue, we divide the input data by factors of 10: 1, 10, 100, and 1000 as we did for the 3S1T data. The division of the data by 100 seems to help the results to be more accurate. As for the division by 1000, the count (or expected count for the chi-square test) is less than 5, so we will not use this result. Instead, we use the results with the division by 100, which still shows there are small p-values, that is, the 8 tissues have significantly different co-methylation patterns.
We also try to break the chi-squared test results down into the contributions that each methylation state and/or tissue contributes to the chi-squared value. We would like to know if any one tissue/methylation state has a bigger effect on the chi-squared test, and if so, whether we should remove that tissue/methylation state as an outlier. We display our Analysis 1 chi-squared contribution using bar graphs, see Fig. 5 . In this figure, we can see that the 8th tissue, thymus, contributes most to the difference. We can also see that the 4th tissue, Psoas, contributes occasionally. We remove the 8th tissue, thymus, from our dataset, and re-run the chi-squared test on our data to see if the results are more accurate. Our results are displayed in Table 10 . We can see that the p-values for this test remain zero, even though we remove a tissue. So, we try to divide the chi-squared input of the seven tissues by factors of 10, similar to what we have done above, and observe the chi-squared results. The result of dividing by 100 still have significant difference among 7 tissues; however, the results of dividing by 1000 only show a significant difference for D states, but not for A, B, or C states. The rows indicate the factor that the data are divided by. The second column indicates the type of value from the chisquared test. The remaining columns indicate which co-methylation pattern the chi-squared test is used to compare. Note, the meaning or interpretation of this table is similar to Table 5 , which is for the 3S1T data We would like to analyze SMRs. We first group CG sites that are similarly methylated and determine the number or count of CG sites in each SMR and the length (in base pairs) of each SMR. We then create summaries of the CG site number count and length of SMRs, see Table 11 . Similar to Table 6 (summary for 3S1T data), Table 11 shows that the distributions of SMR length or CG-number count skew to the right. Most SMRs are very short. The median SMR length is around 100 to 130 base pairs for methylation state A and 300 to 500 base pairs for state D of all tissues except thymus. The median count among SMRs is about 2 to 6 CG sites. Next we determine whether SMRs of the same methylation level have different counts/lengths. We run the Kruskal Wallis test on all eight tissues to determine if the distribution of counts and distances of each type of SMR are significantly different. Our initial results are displayed below in Table 12 . As we can see, the p-values for the count in columns C and D, and the p-values for distance in columns A, C, and D are all nearly zero. The remaining p-values are also extremely small. This shows that those 8 tissues are significantly different.
In summary, in the Result section, we have shown the results of analyzing two datasets, 3S1T and 1S8T, to address a few questions mentioned in the Introduction section.
Discussion
Our research work is a specific study with a focus on the analysis of within-sample co-methylation patterns in normal DNA samples. The understanding of this specific type of methylation patterns may provide helpful information and insights on other methylation studies. These studies may include the analysis of methylation patterns for specific genes or regions (e.g., long non-coding RNAs [16] ), identifying differential methylation [24] [25] [26] [27] , classifying large methylation data [28] [29] [30] , integrating methylation with other data (e.g., gene expression data) [31] [32] [33] , and analyzing pan-cancer DNA methylation [20, [34] [35] [36] [37] . The rows indicate the factor that the data are divided by. The second column indicates the type of value from the chisquared test. The remaining columns indicate which co-methylation pattern the chi-squared test is used to compare. Note, the meaning or interpretation of this table is similar to Table 5 (for the 3S1T data) and Table 9 (for the 1S8T data with 8 tissues) To the best of our knowledge, there is not much research work done on the WS co-methylation patterns of normal DNA samples, although there are a larger number of papers on BS co-methylation. Thus, in this paper, we conduct some preliminary analyses on WS co-methylation for normal samples. However, our research work has certain limitations. First, this study is only conducted on normal samples, but this type of within-sample analysis can be performed on other datasets, for example, cancer methylation data with multiple samples. In fact, we have submitted a paper on comparing the within-sample co-methylation between normal and cancer samples. In that paper, we find that the breast cancer sample's co-methylation pattern is very different from the patterns reported in this manuscript. But the breast normal sample has a similar pattern as we found in the 1S8T data of the current study. Therefore, co-methylation patterns of other normal samples or other datasets could be very similar to what we showed as we used a relatively large number of different normal tissues in this paper. The second limitation is that our study is only based on basic statistical analysis. More complex probability models (e.g., Hidden Markov Models) and methods (e.g., Bayesian methods or machine learning) may be used to further investigate within-sample co-methylation. Developing a new method based these ideas and methods is beyond the scope of this paper. However, we do plan to implement these models and ideas in other projects in the near future. The third limitation is that we did not investigate the relationship between WS co-methylation and the genomic context and/or the topology of CG sites [38] . It would be biologically meaningful to investigate in detail how WS co-methylation patterns are related to the genomic compartments, e.g., gene body, gene promoter, and CpG islands. To make it easier for other readers to interpret the co-methylation CG sites or patterns, we provide an annotation code (annotation.R) in the Additional File 1 that can report the location of identified CG sites, that is, which gene body or promoter it belongs to. Note, the Additional File 1 includes all R scripts we wrote for the analysis of this paper. In addition, it is also useful to study how these patterns are related to the density of CG sites (or CG clusters) in an entire genome and study how CG sites collaborate to maintain co-methylation patterns [38, 39] . These are The first column designates the type of SMR. The remaining columns are the summary. For example, for the bladder tissue, the "A" row (i.e., the 3rd row) is the summary of the "AA … A" type SMR's count and length, and the "B" row (4th row) is the summary of the "BB … B" type SMR's count and length of this tissue The rows indicate the Kruskal Wallis test results (p-values, chi-squared statistic, and degree of freedom). The columns indicate the co-methylation state (e.g., "A") being compared by the test. The input files or datasets of Kruskal Wallis tests are the count and length data that are used to generate the summary in Table 11 . For example, the second column (for methylation state A or for "AA … A" type SMR) is the test result of using all the counts of "AA … A" SMRs that are used to generate the summary in the "A" rows for each of the 8 tissues in Table 11 all great aspects to investigate further in future research studies and we do plan to conduct research on these topics. In order to confirm the validity of our findings, we have also conducted our analysis on the same tissues and samples from chromosome 2. We find similar patterns and can make the same conclusion. In order to avoid redundancy, we do not show the results of chromosome 2 data analysis and only show the results of analyzing chromosome 1 in this paper.
Conclusion
In this paper, we have conducted analyses to study the within-sample co-methylation patterns in normal DNA samples. We have investigated if the co-methylation patterns of the same tissue across several samples are different and if the co-methylation patterns of various tissues of the same sample are different. We have used two analyses methods to analyze two datasets, 3S1T and 1S8T. Based on the 3S1T data, we find there is not significant co-methylation difference among the same spleen tissues of three different samples. However, the analysis results of 1S8T data show that there were significant differences among eight tissues of one sample. For both 3S1T and 1S8T data, we find that the no/low methylation state A and high/full methylation state D tend to remain the same along a chromosome region. We also find that the low/partial methylation state B and partial/high methylation state C tend to change to higher methylation states along a chromosome. Furthermore, we find that the distribution of SMR length is skewed to the right and most SMRs are very short (with only a few hundred base pairs) and only a small proportion of SMRs are longer than 1000 base pairs. In this paper, we have addressed a few questions regarding within-sample co-methylation. Our answers and analysis results may help researchers to have a deep understanding of co-methylation patterns and thus to improve DNA methylation assays and statistical analyses for other methylation studies. Availability of data and materials Datasets used in this paper are publicly available with detailed information shown below. In particular, we provide the web links for the raw sequencing data, on which all SRA (Short Read Archive) files are available, see below. These links are useful for readers like us, who would like to process raw sequencing reads to obtain methylation signals by themselves. Besides the web links of SRA files, we also provide GEO (Gene Expression Omnibus) web links, on which the processed methylation signal datasets (e.g., hg19 version wig format files) are available now or may be available later. Note, for some of the GEO web links, the processed methylation signals are not available yet. When we search the processed methylation signal data, we find that the original investigators who generated these datasets mentioned that "various levels of processed data files will be made available as this project proceeds". Therefore, readers who are interested in the processed methylation data may check the GEO web sites later. In addition, readers can also visit http:// www.encodeproject.org, click "Experiments", and then select related search items (e.g., WGBS and spleen) to find more information about a specific dataset. # 3S1T data (3 spleen tissue of STL001, STL002, and STL003) 1) SRX388737: Whole Genome Shotgun Bisulfite Sequencing of Spleen Cells from Human STL001
